Introduction
Hyperspectral imaging (HSI) has been used in measuring the physiological parameters of human tissue in many areas in clinical and emergency medicine, such as tissue perfusion measurements, wound analysis and flap monitoring, for diabetic foot syndrome and skin ulcers. Even though HSI measurements are often considered as an informative observable for wound diagnostics, chronic wounds are still a major challenging problem in medicine.
Hyperspectral unmixing is becoming gradually common for the understanding of hyperspectral images [1, 2] . This technique assume that the remitted signal received from each pixel can be considered as a mixture linear combination of the spectral contributions of the pure absorbers presented in the tissue. The technique, therefore, process each pixel in the hyperspectral cube to recover the fractional abundance coefficients of the fundamental absorbers. This full pixel technique repeats the process for all individual pixels, which is particularly not efficient because of the computational cost. In this paper we reduce the process of estimating the spectral contributions of the main absorbers presented in the tissue to the number of classes of an unsupervised clustering algorithm.
We propose a method for detecting spectral signatures in wound tissue, which takes advantage of both, unsupervised classification and spectral unmixing mapping techniques.
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Data Acquisition and Preprocessing
The model proposed in this work have been tested using data collected at the Clinic for Dermatology and Venereology in the University Medical Center Rostock. The hyperspectral image cubes were obtained using TIVITA™ camera (Diaspective Vision GmbH, Pepelow, Germany) [3] , see Figure 1 . The measurement produces a three-dimensional (3D)-HyperCube with the spatial dimensions of 640 × 480 pixel and the spectral dimension λ resolution of approx. 5 nm in the range from 500 to 1000 nm, generating 100 spectral values. Data were recorded for different typs of wound tissue from different patients. We selected carefully 15 hyperspectral cubes from a large data set, with a criteria of maintaining a high signal to noise ratio and high variance between subjects. For each of the images a region of interest was extracted, which contains regions of a normal tissue and regions of wound tissue.
Separation of bands for SOM classifiers
we separated the spectral measurements into two bands. The first band consist of the wavelength range between 500 and 636 nm, the second band covers the wavelength range between 636 and 100 nm. The absorption coefficients of the haemoglobin components in the first band is almost two orders of magnitude higher than in the second band resulting in a higher penetration depth of photons in the second band. The remission data in both bands therefore comprise different information about tissue properties. Figure 2 shows the flow chart scheme of the proposed approach. The region of interest from all training sets are used as input for the self-organizing map method, in order to obtain a learned spectral classe. The results of this step are the input (along with literature spectra of the main absorbers in the tissue) for the spectral unmixing step, so that a suitable set of absorber properties can be found. The results of step1 and step 2 are used to generate a classification map for the individual images and the corresponding absorbers map (e.g. the oxygenation map).
Methodology

Wound Tissue Classification using the SelfOrganizing Map
The use of artificial neural networks to accomplish unsupervised classification of hyperspectral data has been used by several authors [4] . We used a neural network technique (self-organizing map [5] ) to group areas with the same spectral properties together from a region proposed data. The self-organizing map was an 8 by 6 hexagonal map with 48 neurons. Training of the SOM is a procedure which produces an optimal set of weights of the neurons. The learned weights of each neuron represent a subset of similar spectral features in the training set. The learned weights are used to classify the input pixel spectra. Based on the Euclidean distance between the input spectra and the learned weights, one neuron will be a win neuron which has the minimum distance. This way the SOM is used to classify all image pixels into 48 classes.
Spectral Unmixing
After obtaining a learned spectral class using SOM over the training dataset, the labelling of each spectral class with the corresponding absorbance properties for the different absorbers of interest (i.e. oxygenated haemoglobin (O2Hb), deoxygenated haemoglobin (HHb), water and fat) is addressed in the second step. We used a least square method to fit literature spectra (i.e. O2Hb, HHb, water, melanin and fat) to the different learned spectral classes. Here we assumed that the spectrum of a learned class is represented as a linear combination of component spectra (main absorbers). If there are M spectral bands, then learned spectral class and the spectra of the absorber components can be represented by M dimensional vectors. Therefore, the general equation is described as a linear regression form (see eq 1).
Where y is a M × 1 column vector describing the spectrum of a class, is a M × L literature spectra matrix, a is a L × 1 column vector containing the mixing coefficients, e is a M × 1 error vector, and L is the number of literature spectra.
A least-square solution of equation (1) for coeffitient vector was found by minimizing ‖ − ‖ 2 , where the coeffitients in were restricted to positive values [1] .
In order to correctly estimate the fractional coefficients we propose an adaptive approach by first separate spectral measurements into two bands groups and then select the best literature spectra candidates to fit each bands group. For the results presented in this paper, we used a set of two different spectra that represent the fundimaital absorber candidates (O2Hb and HHb) to fit the first bands group, and a set of five different spectra candidates (O2Hb, HHb, water, melanin and fat) to fit the second bands group.
Results
Spectral Signatures in Wound
Tissue Learned using SOM
We first used a self-organized map to find pure spectral classes from all the training dataset. The training data are classified into 48 classes. Figure 3 (a) shows the learned neuron weights for the first band group and Figure 4 (a) shows the leaned neuron weights for the second band group. It is clear that SOM was apple to learn the pure spectral signatures in wound tissue. We found that different spectral classes exhibit different weight scale, due to the different absorption properties of the main absorbers in the wound tissue.
For each spectral class, we computed the abundance coefficients of the main absorbers spectra (i.e. O2Hb, HHb, water and fat) using the least square fitting methods (see Sec. 
2.3.2).
Wound Tissue Image Classification and Parametrization
We used the learned weights to classify the input spectral images. Based on the Euclidean distance between the input pixel spectral and the learned weight classes, one spectral class will be a win class which has the minimum distance. Figure 5 (a) and (b) shows the classification maps obtained with SOM for a two selected wound tissue images. It is clear that the spatial structure in the classification maps of the first bands group differ than in the second bands group. This was expected because the classification maps of the first bands group reflect the tissue properties in the near surface, but the classification maps of the second bands group reflects the properties in the deep tissue. We computed the oxygenation index (StO2) for each class from the ratio of the oxygenated haemoglobin coefficien to the total haemoglobin (O2Hb/(O2Hb+HHb). Figure 5 (a) and (b) shows the oxygenation map for the two selected wound tissue images, which generated by replacing the class number in the classification map by the corresponding oxygenation value. The calculated parameters over a testing set were consistent with the expected behaviour and show a good agreement with the results of a second algorithm which was used with the TIVITA™ tissue camera.
Conclusions
In summary, we have proposed a method for detecting spectral signatures in wound tissue, which takes advantage of both, unsupervised classification and spectral unmixing mapping techniques. We found that, the proposed model is capable of finding clusters of closely related hyperspectral signatures in wound tissue. We also found that, the computed abundance coefficients of the fundimintal absorbers were consistent with the results of a second algorithm which is used in the TIVITA™ tissue camera. In the current model, the number of classes of SOM where selected empirically. In future work, the optimal number of classes need to be investigated.
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